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Abstract
Human behavior is often assumed to be irrational, full of errors, and affected by cognitive biases. One of these biases is base-rate
neglect, which happens when the base rates of a specific category are not considered when making decisions. We argue here that
while naïve subjects demonstrate base-rate neglect in laboratory conditions, experts tested in the real world do use base rates. Our
explanation is that lab studies use single questions, whereas, in the real world, most decisions are sequential in nature, leading to a
more realistic test of base-rate use. One decision that lends itself to testing base-rate use in real life occurs in beach volleyball—
specifically, deciding to whom to serve to win the game. Analyzing the sequential choices in expert athletes in more than 1,300
games revealed that theywere sensitive to base rates and adapted their decision strategies to the performance of the opponent. Our
data describes a threshold at which players change their strategy and use base rates. We conclude that the debate over whether
decisionmakers use base rates should be shifted to real-world tests, and the focus should be on when and how base rates are used.
Keywords Base rate . Choice . Hot hand . Sport
It is a widely held belief that humans are irrational and show
systematic violations of norms in their judgments (Nisbett &
Ross, 1980; Pohl, 2016). One of the most debated biases is
base-rate neglect, which refers to people not considering the
base rates of a specific category when making decisions.
Kahneman and Tversky’s (1973) famous example was a
starting point for discussions of base-rate neglect.
Participants in this study rated the probability that Jack, a
person described as being—among other things—a conserva-
tive, careful, and ambitious 45-year-old man, was an engineer.
Those ratings were much higher than the percentage of engi-
neers in the presented sample. The authors’ argument, based
on the representativeness hypothesis, was that people’s judg-
ments reflect the essential features of the evidence—in this
case, the person’s description rather than the base rates—
leading to neglect of base rates. In contrast, Gigerenzer et al.
(1988) found that 77% of participants actually did rely on base
rates when estimating the probability of a team winning a
game, a judgment identical in format to the engineer problem,
and none reported using a representative heuristic. Such dis-
crepant results have fueled the theoretical debate on whether
base-rate neglect exists and highlight the need for the devel-
opment of a prescriptive theory in realistic decision environ-
ments (Koehler, 1996).
How can these incongruent findings be resolved? Koehler
(1996) argued that to overcome the inconsistencies, “patterns
of base-rate usage must be examined in more realistic contexts
to determine when, if ever, people make consequential errors”
(p. 14). We argue here that to test this we need to go beyond
lab experiments to solve the problems raised repeatedly by
researchers in this field (Turpin et al., 2020). Therefore, the
aim of the current study was to test whether base rates are used
in real-world sequential decisions.
Many tasks people carry out in daily life are quite dif-
ferent from what has been tested in base-rate neglect re-
search. A more appropriate test would therefore be one
conducted under conditions that reflect a task–person
match that can be observed in the real world. A recent
review of probabilistic reasoning supports this idea
(Schulze & Hertwig, 2021). This suggestion tracks back
to an early goal of this kind of research—that is, to under-
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In the context of sports, it has been shown that fans, ath-
letes, and coaches take previous performance (e.g., base rates
and recent success) into consideration when betting, passing
balls as a playmaker, or making strategic decisions (Bar-Eli &
Raab, 2006). For instance, consider beach volleyball (two
players against two players) and the simple choice between
serving to opponent Player A or serving to Player B to gain an
advantage. This decision potentially depends on multiple
factors—one being the base rate of successful receptions of
the serve. If Player A and Player B differ in their base rate of
serve receptions—if, for instance, Player A’s successful re-
ception of a serve is 4 of 10 and Player B’s is 6 of 10—
ignoring base rates seems likely if both players are served to
equally.
Beyond base rates, recent performance, such as the so-
called hot hand, may explain serving behavior. Believing in
the hot hand means believing that there is a higher probability
a player will score again after two or three previous successes
than after two or three misses. Base rates and the hot-hand
belief have not been well explored in sequential decisions
(but see Raab et al., 2012). Demonstrating how observable
sequential decisions in the real world take base rates into ac-
count when theymatter (or not) can provide information when
humans make adaptive choices (Turpin et al., 2020).
The hot-hand belief in sports would appear to be a phe-
nomenon well suited to the study of base-rate use, given that
people may ignore base rates if they simply focus on the last
couple of actions of the players. Base rates in sports are ex-
tensively described in sports statistics, such as the season per-
formance, averages on game day, in a specific match, or in a
set within a match. Base rates in sports are quite exact and
have a typical structure of seasons, games, and sets that allow
setting meaningful boundaries for analyses. Indeed, players
may consider someone as “hot” even if the perceived se-
quences are random (see Gilovich et al., 1985, for the seminal
study; Bar-Eli & Raab, 2006, for a review; and Avugos et al.,
2013, for a meta-analysis). Even if sequential performances
are partly random, recent evidence has shown that the hot
hand exists if analyzed appropriately (Csapo et al., 2015;
Miller & Sanjurjo, 2018).
For instance, multiple experiments have indicated that ath-
letes are sensitive to base rates and the performance fluctuations
of players. In a lab study of adaptive choice, Raab et al. (2012)
analyzed whether using the base-rate performance of team-
mates was less important or could potentially be ignored when
one of the players was hot. In the long run, playing to a cur-
rently hot player who hit only the last two or three attempts but
had a lower base rate over the course of the game than to an
alternative player was not adaptive. Raab et al. showed, how-
ever, when analyzing athletes’ performances from real games
that hot players are those with a higher base rate, and thus
participants in the experiment did act adaptively. Participants’
behavior in the experiments may have reflected their
knowledge of the game as experts, suggesting that base rates
are not ignored. Thus, experiments and sports statistics have
shown both the use and neglect of base rates (Avugos et al.,
2013; Bar-Eli & Raab, 2006; Cohen, 2020).
Against this background, this paper explores the real-world
decision behavior of experts using beach volleyball as a test
bed, taking advantage of several game characteristics: (i) The
serve decisions are binary (serve to Player A or Player B); (ii)
expertise is easily scaled by the rankings of players in compe-
titions; (iii) the sequential nature of decisions and their conse-
quences can be measured and directly observed by those mak-
ing the decisions; and (iv) game statistics andmodern scouting
practices provide big data on real choices.
Taking a descriptive approach first, we ask how stable base
rates and selection rates (extent of being selected by the serv-
ing team) are and how strongly they differ between players
(Question 1). This part is a mandatory precondition for testing
base-rate use since a sufficient variation of base rates is need-
ed. To consider potential effects of sex on performance and
decision behavior, our analysis differentiates between male
and female players.
When base rates and selection rates are known, we address
the question of whether the player selection (serve to Player A
or Player B) is influenced by the base rates of the players’
performance (Question 2). We argue that player performance
within meaningful boundaries such as a previous set—that is,
the players’ base rates—may serve as information to be con-
sidered in the next set when choosing to whom to serve.
Likewise, previous games or season averages may inform
choices in the next game to come. We assume that profession-
al players want to maximize their chance of winning and
therefore will serve to the player with a lower probability of
scoring. We explored this question for different time frames
and asked whether players use opponents’ base rates with
respect to their overall performance in recent years (long-
term information) or in the current match/set or previous set
(medium-term information).
Testing more than 1,300 matches on the expert level also
allowed us to check base-rate sensitivity thresholds. We ex-
plored what base-rate differences within teams change the
allocation strategy in serving. What pattern of results in the
data set of beach volleyball would count as evidence of base-
rate neglect? When we detect base-rate differences, and the
serve of the opposing player is systematically not served to the
player with the lower base rate, or serves are played equally to
both players, this would be an indication of base-rate neglect;
otherwise, it would be an indication of base-rate use.
Base-rate information might not be the only type of infor-
mation that is used by players when deciding to whom to
serve. As already mentioned, Raab et al. (2012) showed that
playmaker decisions in volleyball are also based on short-term
performance information. To test this, we asked whether
beach volleyball players perceive and consider recent
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performance changes in the last few rallies (short-term
information) for their serving decisions (Question 3). We ex-
pected that a “hot” player would be selected less often com-
pared with a player who was not successful in the recent
rallies. If the answers to these questions is affirmative and
players are sensitive to opposing players’ performance, the
question remains as to whether this selection strategy was
useful in terms of scoring. To clarify this, we also tested
whether using versus neglecting base rates in the short term
influenced the chance of scoring.
Answering these questions should help determine whether
base rates matter in the real world and by extension provide
support for either models that claim experts neglect base rates
or models that claim experts use base rates (Turpin et al.,
2020). Additionally, this research provides an opportunity to
go beyond that basic dichotomy and outline the parameters of
when and to what extent base rates are used.
Methods
Sample
The sample comprised 1,347 matches (565 men, 782 women)
in the Fédération Internationale de Volleyball (FIVB) World
Series 2012–2018 and the 2012 and 2016 Olympic Games.
All procedures in the study were performed in strict accor-
dance with the Declaration of Helsinki as well as with the
ethical standards of the local ethics committee.
Variables
Beach volleyball matches usually follow a best-of-three for-
mat, with two sets each played to 21 points and the third,
deciding set, if needed, to 15 points. There are two basic
situations within a rally. In the sideout situation, Team A
receives Team B’s serve, passes the ball, and tries to score
with an attack. Team B tries to defend the attack to score itself
(the defense situation). The winner of a rally scores and will be
the next to serve, so that sideout and defense switch continu-
ously between the teams (FIVB, 2017). To answer our re-
search questions, we focused on the sideout situation only.
We argue that defense differs clearly from the sideout situa-
tion in terms of the skills needed for success (Giatsis et al.,
2015). Therefore, defense performance is a negligible factor
with regard to the decision as to which player to select to
receive the service.
For each sideout, two variables were collected: The select-
ed playerwas the player who received the serve. In the case of
an ace—no player touched the ball before it hit the ground—
the nearest player in the hitting moment was chosen as the
selected player. Rallies with serve errors were excluded from
the sample. The outcome of a sideout was considered
successful (a hit) if the attacker scored a direct point or the
opposing team was not able to touch the ball more than once.
Otherwise, the sideout was designated unsuccessful (a miss).
A miss does not imply that the sideout team did not win the
rally, since there is still the possibility of defending the coun-
terattack and scoring. The performance variables selected are
standard in scouting reports (Link & Wenninger, 2019).
From these performance variables, we derived the selection
rate and the base rate. The selection rate is given by the num-
ber of selections of a player divided by the number of selec-
tions of the team. The base rate of a player is calculated by all
their individual successful sideouts divided by the number of
selections within a given time frame. Rallies in which the
other player plays the ball over the net on the second contact
or there is a setting error caused by the other player are ex-
cluded from the calculation of the base rate. For the base rate
analysis, only data on players selected at least 10 times per
match or five times per set were included.
All data were annotated by professional beach volleyball
analysts using custom-made observation software for use with
video recordings (Link, 2014). The data are part of a more
detailed data set that was used to prepare Germany’s national
teams for their competitions and has already been used in
other publications (Link & Wenninger, 2019; Wenninger
et al., 2020). Cohen’s kappa statistics show substantial to per-
fect agreement between two observers for the variables select-
ed player and outcome based on a subset of 130 sideouts (κ =
.94 to 1.0).
Statistical analysis
To test whether athletes use base rates, we first need to de-
scribe base and selection rates and their stability (Question 1).
We report base rates and selection rates for male and female
players and their variation long term and on the match level in
box plots. Long-term analysis covered all matches of a player
in the data set and included only players with at least 10
matches available. To test whether athletes use base rates for
selection (Question 2), we calculated the correlation
(Pearson’s r) of base rates and selection rates on the long-term,
match, and set level. In the Set+1 configuration, we correlated
the base rate in set n with the selection rate in set n+1. To
check players’ sensitivity to base rate thresholds, we grouped
sets by the base rate difference between teammates and corre-
lated base rates and selection rates within these sets. To ana-
lyze whether athletes use short-term performance of opposing
players for selection (Question 3), we looked at series of con-
secutive selections of a player and asked whether the selection
rate of this player differed after successful and unsuccessful
streaks. To test whether such streaks influenced performance,
we also looked at whether the hit rate after successful and
unsuccessful streaks differed. For answering Questions 3, all
matches were used and all players were treated as one group.
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Rate comparisons are reported as the percentage difference
(Δ) from the reference value. To test the significance of rate
differences between men and women, we used two-sidedt tests.
To test the significance of rate differences between positive and
negative streaks, we conductedχ2 tests. Cohen’s d andCramer’s
V are used to describe the effect sizes of significant differences.
We verified the assumption of normality before using paramet-
ric statistical test procedures. The α level was set to .05. All
statistical analyses were performed using R (Version 4.1).
Results
Question 1: How stable are base rates and selection
rates, and how strongly do they vary between
players?
Figure 1 shows the range, stability, and variation of base
rates and selection rates on different time scales. The anal-
ysis of match performance(MP) used Player × Match as
the statistical unit (n = 2,975; Fig. 1a and Fig. 1f).
Performance is reported as the mean base rate1 per match
per player: BRMP = .47 ± .13 (Fig. 1a). This reveals that
success and failure in sideout were quite balanced.
Analysis of performance stability of one player within
one match (match stability, MS) used Player × Set Pair
as the statistical unit (n = 4,072; Fig. 1b and Fig. 1g) and
is reported as the magnitude of base rate difference
(BRMS) from set n to set n+1 (Fig. 1b). To describe per-
formance variation between the two teammates (match
variation; MV), the analysis used Team × Match as the
statistical unit (n = 1,898; Fig. 1 c and Fig. 1h).
Differences between the two teammates were quantified
by using the magnitude of their base rate difference
(BRMV). Results show that base rates of one player dif-
fered between sets by 45.7% (BRMS = .21 ± .17; Fig. 1b)
and base rates between the players differed by 34.0%
(BRMV = .16 ± .13; Fig. 1c). Both results argue that
players should consider base rates when selecting a player
when serving.
Quantification of performance stability of one player be-
tween several matches (long-term stability, (LS; Fig. 1d and
Fig. 1i) and long-term performance variation between players
(long-term variation, LV; Fig. 1e and Fig. 1j) used player as
the statistical unit (n = 120). Long-term variation was quanti-
fied as the mean base rate of players in all their matches in the
entire sample and did not differ very much between players
(BRLV = .48 ± .05; see Fig. 1e). This is reasonable, since the
sample represent a homogenous group containing only the
best athletes in the world in this sport. In addition, the long-
Fig. 1 Stability and variation of base rates (BRs) and selection rates
(SRs). The data show remarkable fluctuations in the base rates of one
player from set to set (b), as well as between the players of one team (c).
Both results argue in favor of players considering base rates when
selecting a player when serving. Long-term variation (e) does not differ
very much between players, which shows the homogeneity of the sample
containing only the best athletes in the world in this sport. Players also
showed a clear tendency to select one opponent more often than the other
(h)
1 In the Results section, some key terms are abbreviated in the reported statis-
tics: BR = base rate; BRD = base rate difference; HR = hit rate; SR = selection
rate.
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term stability, reported as the standard deviation of the base
rate in all matches of one player, was lower compared with
match stability (BRLS = .12 ± .03; see Fig. 1d).
Selection rates were aggregated on the different time scales
in the same way as shown for base rates. The match variation
of selection rates revealed that players had a clear tendency to
select one opponent more often than the other (SRMV = .40 ±
.23; see Fig. 1h). In 60.4% of the matches, one player was
selectedmore than twice as often as their teammate. This leads
to a higher variation of the selection rate between players
compared with base rates and a higher distribution on match
(see Fig. 1f) and long-term(Fig. 1j) levels.
Base rates of menwereΔ = +3.0%,which is slightly higher
compared with women on the match level (t = 6.1, p < .01, d =
0.23), andΔ = +4.3% higher on the long-term level (t = 4.9, p
< .01, d = 0.89). Since there were no other effects regarding
the factor sex, and the differences in base rates were quite
small, we do not differentiate between men and women when
studying Questions 2 and 3.
Question 2: Is player selection influenced by the base
rates of the players’ performance, and does a
sensitivity threshold exist?
Figure 2a shows the relationship between base rates and se-
lection rates on the long-term, match, and set level. The long-
term analysis used players as the statistical unit (n = 120), the
match-level analysis used Player ×Match as the statistical unit
(n = 2,975), the Set+1 analysis used Player × Set Pairs as the
statistical unit (n = 4,054), and the analysis on the set level
used Player × Set as the statistical unit (n = 4,172).
There are three results resp. observations to be stressed.
First, all conditions showed a negative correlation between
the base rate and the selection rate. The stronger sideout
player—in terms of the hit rate—was selected less often and
the weaker player was selected more often. Second, the cor-
relation of base rates in set n and base rates in set n+1 was r =
.26, which is at a similar magnitude to its prediction of wheth-
er the player would be selected as the person to whom to serve
in set n+1 (r = -.25, see Fig. 2a, category Set+1). Third, the
correlation of selection rates in set n and selection rates in set
n+1 was r = .50, which is larger compared with the correlation
of base rates in set n and base rates in set n+1 (r = .26). In other
words, the decision of to whom to serve was more influenced
by the past decision than the past outcome—players had a
tendency to stick to their strategy.
To check players’ sensitivity to base-rate thresholds, we
grouped sets based on the base-rate difference between the
two players of one team. Seven groups were created; their
subscripts indicate the range of base-rate differences contained
in this group (e.g., Set BRD[0.0-0.1] ≙ 0.0 < BRD ≤ 0.1). The
number of statistical units was between n = 784 (BRD[0.0-0.1])
and n = 103 (BRD[0.6-1.0]) for subgroups. Results show a
monotonically strengthening negative correlation between ba-
se rates and selection rates (see Fig. 2b). With increasing base
rate difference within a team, the serving players selected the
stronger player less often. The correlation is significant
starting from group BRD[0.2-0.3], which can be interpreted as
the sensitivity threshold.
Question 3: Is player selection influenced
by short-term performance, and is this useful
in terms of winning the next rally?
Figure 3a shows the use of base rates for selection on a short
timescale. It reports the selection rate after a sequence of i ∈
{1,…,6} consecutive selections of the same player in the same
set. SR Alli represents the selection rate after i sideouts in a
row and is calculated as the probability of this player being
selected once again in the sideout i+1. SR Hitsi represents the
selection rate after a series of i successful sideouts, and SR
Missesi represents the selection rate after a series of i unsuc-
cessful sideouts. The analysis was based on a sample of n =
58,003 sideouts (All0). The size of the smallest subgroup was
n = 141 (Hits6).
Results indicate that the selection rate tended to increase
with the sequence length; with each selection, it became more
likely that this player would be selected once again. Further,
the selection rate was affected by the base rate in the previous
sideout sequence. The selection rate after sequences of misses
(SR Missesi)—in which BR = 0 by definition—was signifi-
cantly higher compared with the selection rate after sequences
containing all sideouts (SR Alli)—in which BR = .55 (see Fig.
4)—for all i. In the same way, the selection rate after se-
quences of hits (SR Missesi)—in which BR = 1 by
definition—was lower compared with SR Alli for all i. For
example, the selection rate after two misses was SRMisses2 =
.82 and the selection rate after two hits was SR Hits2 = .62,
which is a significant difference ofΔ = +27.1% (χ2 = 616.9, p
< .001, v = .18).
Figure 3b shows the performance (hit rate) of players
after successfully scoring i times in a row. The hit rate
represents the probability of this player scoring in the
next rally when being selected once again in the sideout
i+1. HR Alli refers to the hit rates in the sideouts after
sequences of length i. HR Hitsi and HR Missesi repre-
sent the hit rates in the sideouts after a sequence of i
hits and misses in a row, respectively. The analysis was
based on a sample of n = 37,947 sideouts (All0). The
size of the smallest subgroup was n = 98 (Hits6).
The data reveal that hit rates after sequences of misses (HR
Missesi) were lower compared with hit rates after sequences
containing all sideouts (HR Alli; the cold hand effect). In
addition, hit rates after sequences of hits (HR Hitsi) were
higher compared with HR Alli (the hot hand effect). After a
sequence of six hits, for example, the hit rate was HR Hits6 =
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.60, and after a sequence of six misses, the hit rate was
HR Miss6 = .50. From this perspective, selecting the
player with a negative streak was more promising than
selecting the player with the positive streak. With in-
creasing sequence length, differences between bases
rates tended to become larger. Significant differences
compared with HR Alli occur from sequence length i
= 3 for positive streaks (Δ = +4.8%, χ2 = 5.41, p <
.05, v = .02) and from sequence length i = 5 for neg-













































Fig. 2 Use of base rates for player selection on long-term and mid-term
level. Results show a negative correlation (r) between hit rates and selec-
tion rates (a). The stronger sideout player—in terms of the base rate—was
selected less often and the weaker player was selected more often. b The
correlation between hit rates and selection rates per set grouped by the
base rate difference (BRD) of the teammates. The data imply a sensitivity
threshold for use of base rates, which is located at a base BRD of about















































y = 0.01x + 0.55; R² = .95
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Fig. 3 Influence of short-term performance on player selection (a) and
subsequent player performance (b). a Selection rate (SR) after a sequence
of hits (SR Hitsi) were significantly lower compared with SRs after a
sequence of misses (SR Missesi) as well as compared with the group of
sequences containing all sideouts (SR Alli). Values were interpolated by
using logarithmic regression functions. bAfter a sequence of hits, the HR
(HR Hitsi) was higher compared with the hit rate after sequences contain-
ing all sideouts (HR Alli). In the same way, HR Missesi was smaller
compared with HR Alli. This effect increased with the length of the
sequence and became significant after three hits in a row (hot hand effect)
and after five misses in a row (cold-hand effect). Performance streaks
influenced player selection rate much more than they influenced subse-
quent hit rates. Values were interpolated by using linear regression func-
tions. * indicates significant differences compared with SR All (a) and
HR All (Part B), shaded band indicates 95% CI.
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Discussion
Decisions on to whom to serve the ball in beach volleyball
were used as a test bed to investigate the (ir)rationality of
expert behavior. We asked whether experts used base rates
as well as recent information in real-world decisions. The
short answer is yes. We found that base rates and selection
rates varied (Question 1) and that selection was based partly
on base rates (Question 2) and short-term performance streaks
and was functional in winning games (Question 3). A new
finding is that even in complex real-life environments it is
possible to analyze biases and test whether those biases are
meaningful: Beach volleyball and most sports in general are
environments in which feedback on choices is omnipresent.
Environments such as sports in which decisions and outcomes
are closely linked in time are called kind environments (in
contrast to wicked environments; Hogarth et al., 2015) and
are well suited for analyzing experts’ use of base rates.
The data show that the more the base rates deviated be-
tween the two players, the more a serving player used base
rates to serve the ball to the opposing player with the lower
base rate. Thus, the opposing player with the lower base rate
was selected more often than base-rate neglect would predict.
It seems that sequential information about the previous suc-
cess of the opposing players produced a choice strategy of
relying on the base rate differences of players (at least if the
base rate difference was above a sensitivity threshold).
Whereas the literature discussed in the introduction often
asked single questions and provided percentage information,
in the real world, information often needs to be sampled in
sequences. Decisions are therefore more experienced than de-
scribed, a classic distinction in decision making on how recent
and temporally distant information is used (Hertwig et al.,
2004). Even though in labs multiple trials have been used in
choice tasks, the relation between sequential performance and
base rates has not been analyzed. Our study indicates that the
magnitude of the difference between base rates of two players
systematically explains choices. This in itself adds to the lit-
erature because base rates are neither used nor neglected; rath-
er, when a threshold of a base rate difference is met, experts
change selection strategies. A selection strategy as to whom to
serve in beach volleyball provides a detailed look into real-
world choices. Understanding the functional value of base rate
use and strategies relying on base rates may decide games.
The findings stress the theoretical need to understand base
rates and their use in dynamic and changing environments.
Our data show that scoring probabilities are affected after a
series of at least three hits or five misses in a row (but not
before). This finding indicates that (i) using short-term base
rates for player selection is functional and helps win matches
and that (ii) a minimum streak length is needed before hot
hand or cold hand effects come into play. The different thresh-
olds for positive and negative streaks might be interpreted to
mean that beach volleyball players become more “hot” and
less “cold.” Traditionally, hot hand research has defined a
performance streak as a sequence of three or more consecutive
hits or misses (Gilovich et al., 1985). It has often been argued
that the number “three” is important, since the third repetition
of an event leads to an impression of nonrandomness in an
observer’s mind (Carlson & Shu, 2007). The results of our
study suggest that further research is needed to show streak
length and its interpretation may differ if sequential perfor-
mance is observed or produced.
The current data provide evidence for the weighting of
information on different timescales. Immediate runs of two
have barely any significance in terms of opponent hit rates
but influence selection rates by over 20%. On the other hand,
medium-term performance predicts subsequent player selec-
tion with a similar magnitude to the subsequent performance.
This suggests that short-term information disproportionally
affects a player’s serving decision, whereas weighting of
medium-term performance is proportional. This does not
mean that long-term and medium-term base rates are not used
in the decision, but player weight old and recent information
differently.
As no study in the real world can control for all influencing
factors, we cannot be sure that players perceiving base rates
and using them for their choices was directly tested. The de-
cision as to which players to select is driven not only by their
base rates but also by additional strategies: Players may serve
to the supposedly stronger player once to surprise them or
select an opponent many times in a row to induce fatigue.
The positive correlation of selection rate and sequence length
in our data provides evidence reflecting the second strategy.
We argue that instead of resolving an old debate on
whether there is a use or neglect of base rates, a new question
of when base rates are used needs empirical evidence (Turpin
et al., 2020). Appropriate base rate use is therefore an adapta-
tion to the task of experts and generalizable to the principles of
experts’ intuition (Kahneman & Klein, 2009). In a nutshell,
accepting base-rate neglect as a universal bias in lab testing
may itself produce biases, which we tried to overcome with
big data from the real world. Future research might thus take
advantage of combined research in lab and real-world condi-
tions on when and how base rates are used.
Conclusions
Analysis of the serving strategies in expert athletes in more
than 1,300 beach volleyball games revealed that these experts
are sensitive to base rates and adapt their decision strategies to
the performance of their opponents. Our data show the exis-
tence of a threshold of base-rate differences (about 25%) at
which players change their serving strategy and use base rates.
The distribution of selection rates also suggests that players
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use a probability-matching strategy instead of selecting the
weaker player in every trial. The findings provide supporting
evidence for hot hand and cold hand phenomena in sequential
decisions in real-world environments. We conclude that the
debate as to whether base-rate neglect exists or not needs to be
moved to real-world tests and should seek to specify when and
how base rates are used.
Acknowledgments The authors thank Anita Todd for English editing,
our colleagues in the Department of Psychology at the Institute of
Psychology, German Sport University for commenting on a previous
version of the manuscript, and the German Volleyball Federation for data
and helpful discussions.
Author contribution statement The two authors contributed equally to
manuscript revision, as well as reading and approving it for publication.
Funding Open Access funding enabled and organized by Projekt DEAL.
The study was supported by the German Federal Institute of Sport
Science (BISp, www.bisp.de), grant number ZMV4-071007/21-23.
This institution had no role in study design, data collection and
analysis, decision to publish, or preparation of the manuscript.
Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as long as
you give appropriate credit to the original author(s) and the source, pro-
vide a link to the Creative Commons licence, and indicate if changes were
made. The images or other third party material in this article are included
in the article's Creative Commons licence, unless indicated otherwise in a
credit line to the material. If material is not included in the article's
Creative Commons licence and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.
References
Avugos, S., Köppen, J., Czienskowski, U., Raab, M., & Bar-Eli, M.
(2013). The “hot hand” reconsidered: A meta-analytic approach.
Psychology of Sport and Exercise, 14(1), 21–27. https://doi.org/10.
1016/j.psychsport.2012.07.005
Bar-Eli, M., &Raab,M. (2006). Editorial: Judgment and decisionmaking
in sport and exercise: Rediscovery and new visions. Psychology of
Sport and Exercise, 7(6), 519–524. https://doi.org/10.1016/j.
psychsport.2006.07.003
Carlson, K. A., & Shu, S. B. (2007). The rule of three: How the third
event signals the emergence of a streak. Organizational Behavior
and Human Decision Processes, 104(1), 113–121. https://doi.org/
10.1016/j.obhdp.2007.03.004
Cohen, B. (2020). The hot hand. Harper Collins.
Csapo, P., Avugos, S., Raab, M., & Bar-Eli, M. (2015). The effect of
perceived streakiness on the shot-taking behaviour of basketball
players. European Journal of Sport Science, 15(7), 647–654.
https://doi.org/10.1080/17461391.2014.982205
FIVB. (2017). Official Beach Volleyball Rules 2017–2020: Approved by
the 35th Fédération Internationale de Volleyball (FIVB) Congress
2016. https://www.fivb.org/en/refereeing-rules/Documents/FIVB-
BeachVolleyball_Rules_2017-2020-EN-v05.pdf. Accessed 13 Oct
2021
Giatsis, G., Lopez Martinez, A., & García, G. (2015). The efficacy of the
attack and block in game phases on male fivb and cev beach vol-
leyball. Journal of Human Sport and Exercise, 20(2), 537–549.
https://doi.org/10.14198/jhse.2015.102.01
Gigerenzer, G., Hell, W., & Blank, H. (1988). Presentation and content:
The use of base rates as a continuous variable. Journal of
Experimental Psychology: Human Perception and Performance,
14(3), 513–525. https://doi.org/10.1037/0096-1523.14.3.513
Gilovich, T., Vallone, R., & Tversky, A. (1985). The hot hand in basketball:
On the misperception of random sequences. Cognitive Psychology,
17(3), 295–314. https://doi.org/10.1016/0010-0285(85)90010-6
Hertwig, R., Barron, G., Weber, E. U., & Erev, I. (2004). Decisions from
experience and the effect of rare events in risky choice. Psychological
Science, 15(8), 534–539. https://doi.org/10.1111/j.0956-7976.2004.
00715.x
Hogarth, R., Lejarraga, T., & Soyer, E. (2015). The two settings of kind
and wicked learning environments. Current Directions in
Psychological Science, 24(5), 379–385. https://doi.org/10.1177/
0963721415591878
Kahneman, D., & Klein, G. (2009). Conditions for intuitive expertise: A
failure to disagree. The American Psychologist, 64(6), 515–526.
https://doi.org/10.1037/a0016755
Kahneman, D., & Tversky, A. (1973). On the psychology of prediction.
Psychological Review, 80(4), 237–251.
Koehler, J. J. (1996). The base rate fallacy reconsidered: Descriptive, norma-
tive, and methodological challenges. Behavioral and Brain Sciences,
19(1), 1–53. https://doi.org/10.1017/S0140525X00041157
Link, D. (2014). A toolset for beach volleyball game analysis based on
object tracking. International Journal of Computer Science in Sport,
13(1), 24–35.
Link, D., & Wenninger, S. (2019). Performance streaks in elite beach
volleyball—Does failure in one sideout affect attacking in the next?
Frontiers in Psychology, 10, Article 919. https://doi.org/10.3389/
fpsyg.2019.00919
Miller, J. B., & Sanjurjo, A. (2018). Surprised by the hot hand fallacy? A
truth in the law of small numbers. Econometrica, 86(6), 2019–2047.
https://doi.org/10.3982/ECTA14943
Nisbett, R. E., & Ross, L. (1980). Human inference: Strategies and
shortcomings of social judgment. Prentice-Hall.
Peterson, C. R., & Beach, L. R. (1967). Man as an intuitive statistician.
Psychological Bulletin, 68(1), 29–46. https://doi.org/10.1037/h0024722
Pohl, R. (2016). Cognitive illusions: Intriguing phenomena in thinking,
judgment and memory. Psychology Press. https://doi.org/10.4324/
9781315696935
Raab, M., Gula, B., & Gigerenzer, G. (2012). The hot hand exists in
volleyball and is used for allocation decisions. Journal of
Experimental Psychology: Applied, 18(1), 81–94. https://doi.org/
10.1037/a0025951
Schulze, C., & Hertwig, R. (2021). A description–experience gap in sta-
tistical intuitions: Of smart babies, risk-savvy chimps, intuitive stat-
isticians, and stupid grown-ups. Cognition, 210, Article 104580.
https://doi.org/10.1016/j.cognition.2020.104580
Turpin, M. H., Meyers, E. A., Walker, A. C., Białek, M., Stolz, J. A., &
Fugelsang, J. A. (2020). The environmental malleability of base-rate
neglect. Psychonomic Bulletin & Review, 27(2), 385–391. https://
doi.org/10.3758/s13423-020-01710-1
Wenninger, S., Link, D., & Lames, M. (2020). Performance of machine
learning models in application to beach volleyball data.
International Journal of Computer Science in Sport, 19(1), 24–36.
https://doi.org/10.2478/ijcss-2020-0002
Publisher’s note Springer Nature remains neutral with regard to jurisdic-
tional claims in published maps and institutional affiliations.
Psychon Bull Rev
